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Abstract

Hashimoto’s thyroiditis is an immune-related thyroid inflammatory disease, and its incidence has
been increasing year by year. Hypothyroidism (commonly referred to as “hypothyroidism”) is the
most common complication of Hashimoto’s thyroiditis. Tongue diagnosis, as an important basis for
traditional Chinese medicine (TCM) diagnosis, can reflect the body’s overall physiological and
pathological status. It holds potential value for non-invasive screening in diseases. To address the
problems with traditional tongue diagnosis methods, which rely on human experience, are subjec-
tive, and lack standardized quantitative analysis tools, this paper proposes a deep learning-based
intelligent diagnosis method for hypothyroidism tongue images with binary classification. First, the
tongue region is cropped, followed by color normalization and multi-scale data augmentation pre-
processing strategies to enhance the model’s ability to represent key tongue image features. For
model design, two representative deep learning architectures, EfficientNet-BO and ResNet, are se-
lected and systematically compared under a unified experimental setup. The comparison includes
evaluation in multiple dimensions, such as classification accuracy, inference efficiency, and gener-
alization ability. Experimental results show that the proposed method performs well across differ-
ent models, with ResNet achieving the best overall performance, attaining high classification accu-
racy on the test set, and achieving a good balance between precision and computational efficiency.
Additionally, under small sample training conditions, the model still maintains stable classification
performance, demonstrating good generalization ability. This study demonstrates that deep learn-
ing-based tongue image analysis can significantly improve the objectivity and accuracy of hypothy-
roidism screening. The proposed system offers advantages such as non-invasiveness, low cost, and
scalability. Itis especially suitable for primary healthcare settings, providing a technology path with
significant clinical application potential for early screening and intelligent auxiliary diagnosis of
thyroid diseases.
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Figure 1. EfficientNet-B0 experimental pathway diagram
B 1. EfficientNet-B0 SL4 B2 [E]
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Figure 2. ResNet experimental pathway diagram
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Figure 3. Loss function curve analysis. (a) EfficientNet-B0; (b) ResNet
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Table 1. Performance comparison of EfficientNet-B0 and ResNet models
% 1. EfficientNet-B0 1 ResNet R4 5ERT L

PEAE FE AR YA 2R (Accuracy) FE#i 2 (Precision) A [FI#(Recall)  F1 {H(F1-score) AUC
EfficientNet-BO 0.8334 0.8696 0.8334 0.8511 0.9167
ResNet 0.8571 0.9091 0.8334 0.8696 0.9600
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